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Abstract: Leakage is the most important failure mode in aircraft hydraulic systems caused by wear
and tear between friction pairs of components. The accurate detection of abrasive debris can reveal
the wear condition and predict a system’s lifespan. The radial magnetic field (RMF)-based debris
detection method provides an online solution for monitoring the wear condition intuitively, which
potentially enables a more accurate diagnosis and prognosis on the aviation hydraulic system’s
ongoing failures. To address the serious mixing of pipe abrasive debris, this paper focuses on
the superimposed abrasive debris separation of an RMF abrasive sensor based on the degenerate
unmixing estimation technique. Through accurately separating and calculating the morphology and
amount of the abrasive debris, the RMF-based abrasive sensor can provide the system with wear
trend and sizes estimation of the wear particles. A well-designed experiment was conducted and the
result shows that the proposed method can effectively separate the mixed debris and give an accurate
count of the debris based on RMF abrasive sensor detection.
Keywords: aviation hydraulic pump; radial magnetic field; aliasing signal separation; degenerate
unmixing estimation technique; abrasive debris detection
1. Introduction
Wear debris is an indicator of the wear status of friction surfaces [1]. The concentration and the
size of the wear debris in lubrication oil have shown different characteristics during normal machine
operation and degraded conditions [2]. Various wear debris detection methods have tried to obtain
accurate wear debris features. Some of the methods have been successfully used for the diagnosis
and prognosis of machines whose main failure modes are related to wear [3]. In recent years, online
detection methods have been widely studied for real-time monitoring [4]. Among the debris detection
methods, those based on inductive principles have shown advantages in non-invasion, insensitivity
to oil quality, capacity to differentiate ferrous and non-ferrous wear debris, and easy installation on
non-transparent pipes, as compared with other methods including optics, capacitance, resistance,
ultrasonic, and X-ray approaches [5].
An aviation hydraulic power supply system provides highly pressurized oil to the aircraft control
surface and landing gear system, driven by the engine through an engine driven pump (EDP) or
an electrical motor pump (EMP). Hence, the EDP or EMP is the heart of the aircraft that generates
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and transmits the highly pressurized oil to wherever it is required by the aircraft. Wear and tear
will lead to leakage and thus to conditions in which the output pressure and flow rate are unable to
satisfy the design requirements, which can affect the mission and even result in the aircraft crashing.
Currently, the return oil flow is the commonly used indicator for the prognosis of aviation hydraulic
pumps [6]. To obtain the indicator, hydraulic pumps should be taken down from the aircraft, which
cannot meet the requirement of condition-based maintenance (CBM). Other indicators, like output
pressure and vibration signals, are limited in information by the operational conditions, and thus
contain few characteristics useful for the prognosis. On the other hand, aviation hydraulic pumps
are typical rotatory machines and the wear of the three main frictional pairs is the primary cause
of the output pressure degradation. Debris detection methods, then, show a great potential for the
diagnosis and prognosis of aviation hydraulic pumps. Different from applications on engines [7],
rolling bearings [8], and many other machines [9,10], abrasive debris detection methods have to face
adverse circumstances when being applied to the pump detection because the oil is not only used for
lubrication, but for the power transmission as well.
The inductive sensor generates independent pulses as long as the distances between the debris
which pass through the pipes are large enough. However, if two wear particles are close enough,
the two induced voltages of the radial magnetic field (RMF) sensor will be superposed and an
aliasing signal will be generated, as shown in Figure 1. In such a situation, when two wear debris
particles are wrongly recognized as one, both the concentration and the size of the debris will be
influenced. According to Reference [1], during normal machine separation, wear debris exhibits a
constant concentration and small size. The concentration and size of particles increase gradually
with time when abnormal wear begins. The accumulative error caused by aliasing will influence the
abrasive debris detection precision. Because of the complexity of the wear and tear of a hydraulic
pump, aliasing happens more frequently in RMF detection. Due to the high flow rate, this situation is
serious under certain pipe diameters.
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Figure 1. The aliasing pheno enon.
In our prior work, we proposed an RMF-based debris detection method [5] using inductive
techniques, and the method exhibited good performance in wear particles monitoring. Experiments
show that the aliasing phenomenon appears so frequently that it often leads to inaccurate detection.
In contrast with the application to the lubrication oil, debris detection in an aviation hydraulic pump
is much more difficult because the output high pressure oil leads to a high oil flow rate, which means
that much more information is included in the same length of a signal section under the same sampling
frequency. If the sampling frequency is not high enough, only one pulse can be detected and it will
display error information. Therefore, the issue of how to extract accurate information of the wear
particles from the aliasing signals is extremely urgent in RMF detection.
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Although inductive wear sensors have different precision and accuracy levels in detecting wear
particles [11–14], few works have investigated the aliasing problem. Zhong et al. [15] proposed a
new layout of sensors for the aliasing signals and gave a theoretical analysis. On the other hand,
the literature on signal extraction [16–18] typically only addresses independent pulses for small flow
rates. In fact, the aliasing problem is to some extent similar to the cocktail party problem [19], which is
widely researched in speech recognition. Both problems focus on recognizing different sources from
mixed signals. Among the speech recognition methods, independent component analysis (ICA) shows
good performance in processing linear mixtures of signals produced by multiple sources and has
been successfully used for the separation of other kinds of signals. Han et al. [20] used the FAST-ICA
(an implementation of the fast fixed-point algorithm for ICA) and wavelet packet method to separate
the vibration signals of rolling bearings mixed by a set of sources. The problem is that, when using
ICA methods, the number of sensors should be more than the number of sources and all of the mixed
signals should be synchronized. In debris detection systems, the sources are the superposed voltages
induced by the wear particles, which means that the sources are far more than the sensors and the
synchronization of detection can hardly be conducted. Alexander et al. [21] proposed a degenerate
unmixing estimation technique (DUET) to separate sources from the time-frequency domain and,
in their later works [22], the time-frequency mask is used to demix the sources. This method assumes
that the environment is anechoic and the sources are independent, which is consistent with the debris
detection situation. For speech recognition, the background noise usually gives a negative contribution
to the source separation. In DUET, high weights caused by the background noise will decrease the
accuracy of demixing. To reduce the influence of the noise, Hussain et al. proposed an adaptive
noise cancellation technique [23], and Chong et al. [24] combined the method with particle filtering.
Hong et al. employed the band pass filter to enhance the signal-to-noise ratio (SNR) of the sensor by
2.67 times [25]; this technique is also employed in this paper for signal preprocessing.
The rest of the paper is organized as follows: in Section 2, the aliasing problem is analyzed and the
serial layout of detection sensors is proposed to simulate an anechoic condition with phase differences
of wear particles. Section 3 describes the degenerate unmixing estimation technique used to separate
the aliasing signals. In Section 4, an experiment is conducted for practical aliasing signals separation
and the results are discussed. In Section 5, some conclusions and remarks are presented.
2. Aliasing Signal Separation Detection Structure
The RMF-based inductive debris detection sensor is based on the inductive principle [5]. The coil
is wound along the iron core and the magnetic field is perpendicular to the pipe. This kind of sensor
shows good performance with magnetic uniformity, and the output voltage is calculated as follows:
u = −2NND ISxSySz µ(µr − 1)µr
l′(x)
l3(x)
v (1)
where N and ND are the numbers of turns of the inductive coil, I is the current in the inductive coil, Sx,
Sy, and Sz are the sizes of the particles, µ and µr are the permeability of the vacuum and the relative
permeability of the debris, l(x) is the location of the debris, and v is the debris speed along the x axis.
The size of the debris can be estimated if the output voltage is measured. The size of the debris
is one of the key indicators for the wear prognosis. During normal operation, the debris size is in
the 1~20 µm range. With an increase in the severity of wear, larger debris in the 50~100 µm range is
generated more frequently, and at the stoppage a large number of debris above 200 µm are produced.
The poles of the output voltages are related to the debris sizes, and the poles are the solutions of the
following equation:
ul4(x) = −2NND ISxSySz µ(µr − 1)µr (l
′′ (x)l(x)− 3(l′(x))2)v. (2)
Sensors 2018, 18, 866 4 of 15
For a certain sensor, the intrinsic parameters are confirmed. Assuming that each particle has
a d diameter sphere, the value for the measured particle can then be obtained by substituting the
measured poles:
d = 3
√
3µrul4(x)
−NND Iµ(µr − 1)(l′′ (x)l(x)− 3(l′(x))2)vpi
(3)
by which the sizes of the particles can be estimated. The values of the poles and the relative
locations where the poles appear are the key parameters for the size estimation. When the aliasing
appears, a large peak value is measured rather than two real small measured induced voltages.
Under this circumstance, the measured aliasing signal could not truly reflect the actual abrasive debris
condition. So, an effective aliasing signal separation algorithm of superimposed abrasive debris is
urgently needed.
For speech separation, usually two or more microphones are arranged in the environment to
collect the speech signals. The limitation of using one microphone is that an infinite number of
solutions can be obtained from only one aliasing signal. By using two or more microphones, the same
sound travels and arrives at different microphones with different delays and attenuations, resulting in
different signals. The signals with different delays and attenuations are the observations of the sound
from different perspectives in the time-frequency domain, which gives opportunities for the separation
of the sounds. As for the abrasive debris detection, if the debris induces voltages with different delays
or attenuations when going through different sensors, the aliasing signals can be separated into several
estimated sources from the time-frequency domain. The time-frequency domain method for the debris
detection signals separation is more suitable compared with the speech signals separation. The debris
in the oil will only go through the sensors once, while the sound will be reflected by the walls and
arrive at one microphone several times, forming the so-called echoic system. Besides, because of the
viscosity of the oil, particles transfer in the oil with different velocities, which leads to different phase
displacements of two particles at two different locations in the oil pipe. The inherent characteristics
of the debris detection guarantee that most of the superimposed abrasive debris will show different
delays and attenuations after moving for some distance.
Based on the analysis above, a serial layout of detection sensors is proposed in this paper.
The layout of the sensors is shown in Figure 2. Two sensors with similar performances are installed in
series on an oil pipe. When the particle i passes through the oil pipe, the output of sensor 1 is si1(t)
and the output of sensor 2 is si2(t). Since the two sensors should have a similar output for the same
passing particle, the output of sensor 1 is simplified to be si(t) and the output of sensor 2 is aisi(t− δi),
where ai and δi are the amplitude and the phase difference of the induced signal in comparison to
sensor 1. Assuming that M particles pass through the sensors with a constant speed, in a period of
time t, the output of the two sensors is:
y1(t) =
M
∑
i=1
si(t) (4)
y2(t) =
M
∑
i=1
aisi(t− δi) (5)
For the layout shown in Figure 2, there are three possible kinds of output signals. Firstly, if the
debris remains relative static from sensor 1 to sensor 2, the output of sensor 1 will be equal to that of
sensor 2 by shifting the signal of sensor 2 ahead. In this situation, one of the two signals is superfluous
and if aliasing occurs, the following aliasing signals separation algorithm cannot provide the correct
result but will recognize that there is no signal mixing. Secondly, if there are relative motions of the
debris and the three particles cause aliasing in one sensor’s output signal but no aliasing in the other
sensor’s output signal, no more algorithms need to be employed for separation. However, because this
situation cannot be recognized, the algorithms will still be conducted and give out the right solution.
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The third situation arises when aliasing occurs in both sensors’ output signals and the signals are
different. The following algorithm is intended to be employed in this situation.Sensors 2018, 18, x FOR PEER REVIEW  5 of 15 
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Figure 2. Detection layout based on two radial magnetic field (RMF) sensors.
3. Aliasing Signals Separation Based on the Degenerate Unmixing Estimation Technique
The sensor output is composed of debris signals and interferences which come from random
noise and specific frequency interferences. The band pass filter is firstly used to improve the SNR [25].
Then, the processed signals are used for the separation.
The aliasing signal originates when particles are very close, in which the induced voltages are
superimposed in the time domain. According to the principle of the RMF sensor shown in Equation (1),
the outputs of the sensor are different when two different particles pass through the same sensor. So,
it is possible to separate the sources in the time-frequency domain if one point is dominated only by
one source, which is also called W-Disjoint Orthogonality. The Short Time Fourier Transform (STFT) of
a signal si(t) is defined as:
sˆi(τ,ω) := FW [si](τ,ω) :=
1√
2pi
∫ ∞
−∞
W(t− τ)si(t)e−jωtdt (6)
by which the aliasing signals are then transformed into the time-frequency domain using a Hamming
window. If the two sources satisfy:
sˆi(τ,ω)sˆj(τ,ω) = 0 τ > 0, ω > 0, ∀i 6= j, (7)
then the two sources can be separated. Separating the sources from the aliasing signals is thus a
problem of classifying the points from a mixed signal in the time-frequency domain. For sensor 1,
the ith source is:
sˆi(τ,ω) = Mi(τ,ω)yˆ1(τ,ω), ∀τ,ω (8)
where M is the mask function:
Mi(τ,ω) :=
{
1 sˆi(τ,ω) 6= 0
0 otherwise.
(9)
According to Reference [26], to apply the DUET method to solve a blend source separation
problem, three additional assumptions should be satisfied:
(1) T o measured sensors are locally stationary, which means that the two sensors should not
be moved during detection to avoid the error of the phase shift.
(2) Phase ambiguity may arise if two sensors are close enough, which is determined by:
|ωδi| < pi, ∀ω, ∀i. (10)
Sensors 2018, 18, 866 6 of 15
For the detection sensors, the limitation becomes:
D <
piv
ωmax
(11)
where D is the distance between the two sensors, v is the oil flow speed, and ωmax is the maximum
frequency of sources.
(3) The two sources should have different spatial signatures, which are given as:(
ai 6= aj
)
or
(
δi 6= δj
)
, ∀i 6= j. (12)
For the inductive debris detection method, the assumptions can be met by installing the sensors
under the serial layout proposed in Section 2. The aliasing signals can be rewritten as:
[
yˆ1(τ,ω)
yˆ2(τ,ω)
]
=
[
1 · · · 1
a1e−jωδ1 · · · aMe−jωδM
] sˆ1(τ,ω)...
sˆM(τ,ω)
 (13)
where yˆ(τ,ω) is the STFT of y(t) and for each (τ,ω)[
yˆ1(τ,ω)
yˆ2(τ,ω)
]
=
[
1
aie−jωδi
]
sˆi(τ,ω) for some i (14)
At each time-frequency point we can obtain a pair of aliasing parameters, a˜i(τ,ω) and δ˜i(τ,ω).
a˜(τ,ω) =
∣∣∣∣ yˆ2(τ,ω)yˆ1(τ,ω)
∣∣∣∣ (15)
δ˜(τ,ω) =
(
1
ω
)
∠
(
yˆ2(τ,ω)
yˆ1(τ,ω)
)
(16)
These parameters are the attenuation estimator and delay estimator, respectively, which denote
the amplitude ratio and the phase difference of the sources detected by sensor 2 relative to those of
sensor 1. In fact, only M pairs of parameters are the actual aliasing parameters, which means we need
to determine the real values (ai, δi) from the estimators sets. The sources can be demixed by:
Mi(τ,ω) :=
1
(
a˜(τ,ω), δ˜(τ,ω)
)
= (ai, δi)
0 otherwise.
(17)
and, then, the sources are converted to the time domain and the separated sources are obtained.
Usually, a two-dimensional weighted histogram is employed to obtain the actual aliasing
parameters [27]. The weight W(a, δ) is calculated by:
W(a, δ) = |yˆ1(τ,ω)yˆ2(τ,ω)|. (18)
The entire process of separating the sources from the aliasing signals of two sensors is shown in
Figure 3.
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4. Experiment
To verify the effectiveness of the proposed method for separating the aliasing signals,
we conducted an experiment. A larger concentration of particles was injected into the pipe as a
proxy of a large flow rate to simulate the actual aliasing environment of the outlet flow of an aviation
pump. To satisfy the requirement of the two sensors, the tested part of pipe was designed to be slimmer
for a high flow speed under the same flow rate. According to Equation (11), the larger the flow speed
is, the longer the distance between the two sensors can be. The layout of the experimental system is
shown in Figure 4.
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Figure 4. Experiment layout.
Two oil filters were installed on the in ut pipe and the output ipe was conne t e pump.
The one installed on the input pipe was used to protect the pump from real wear t contaminant
and the other was employed to make sure that the tested part of the pipe contained only the injected
tested particles. On the tested part of the pipe, a particle injection device was installed and two similar
inductive debris detection sensors were installed in series. The real experimental system is shown in
Figure 5.
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Figure 5. Experiment system.
By using the injector, particles were injected into the transparent section of the pipe. Without
opening the switch valve, particles will not flow with the oil. By opening the switching valve,
the particles flow into the tested part of the pipe, gradually generating aliasing signals. When particles
pass through the sensors, the induced voltages are collected by the signal acquisition system.
Key parameters of the experiment system are listed in Table 1.
Table 1. Parameters of the experiment system.
Parameters Values
Output pressure .7 Mpa
Flow rate 60 L/min
Tested pipe diameter 1 cm
Distance between the two sensors 25 cm
Sampling frequency 10 kHz
Size of particles 50~150 µ
Total weight of particles 1 g
Six replicates of the experiment were carried out and signals were extracted from the original
signals. The signals collected by sensor 2 were shifted in time 0.0196 s ahead to eliminate the error
caused by the distance. We can easily find that there are several aliasing sections in the signals which
can be extracted from the signals collection, as shown in Figure 6. The whole extracted signals were
first divided into several sections. On each section, the DUET method was conducted. Two of the
aliasing sections are labeled in Figure 6 as a1 and a2, and serve as the examples for the demixing.
The size of the Hamming window is 64 samples. We can also see that there are sections where no
aliasing occurred (there was no signal mixing). For these sections, the clustering results of the DUET
method were only one source and the debris sizes couls be estimated without using the mask function.
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Figure 6. Extracted signals.
Figure 7 shows the zoomed image of the signals from sensor 1 and sensor 2, labeled as a1 in
Figure 6. The aliasing phenomenon can be seen intuitively from the curve, and it seems that the
induced voltages caused by two particles with different phases and sizes are superimposed. From the
two-dimensional weighted histogram shown in Figure 8, the aliasing parameters were classified into
two groups and the peaks of each group were labeled. One point is (2.121, 0.909, 2.151) and the other
is (4.545, 0.9091, 1.174), which means the delay between the signal fr m sensor 1 and that from sensor
2 of the source of one particle is 2.121 × 10−4 s and that of th other partic e is 4.545 × 10−4 s, because
the sampling frequency is 10 kHz. The demixing results are shown in Figur 9, although the sources
are not perfectly separated due to the clustering error.
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Figure 9. Demixing result of section a1.
Another z omed image is show in Figure 10, from which we can hardly figure out how
many particles hav passed through the sensors. If the original signals are use t conduct the
rticle c unting or debris chara teri tic statistic, then a cumulative e ror m y arise which may caus
ina curacy in the prognosis and diagnos s. In fact, for different a curacies, there may be different
clustering r lt , i Figures 1 and 12. This is unavoidable bec use of the uncertainty of the
a iasing pa ameters. When the phas differ nces of two sources are not significan ly disti guished,
t clustering may no give acc ptable r sults. As for th signals shown in Figure 10, we can never
know th origi al so rc s, but merely try to obtain a good estimati n. Comparing the two demixing
results shown i Figur s 13 a d 14, th res lt which con ains four particl is more convincing than
the thr e particl s result.
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To achieve a more satisfying re ult for section a2, s veral clustering methods were applied.
The main task to solve the problem was to obtain a more accurate estimate of the aliasing parameters.
Clustering methods such as k-means are not suitable; when the k-means method is applied,
the clustering result does not have a physical interpretation because the clustering center should
be around the highest point in the two-dimensional weighted histogram. By going through the close
region and applying a combination of parameters, an acceptable result is obtained in Figure 15.
An acceptable result cannot always be obtained. The sources can only be separated when the
delay or the attenuation is different. When both the delay and the attenuation are the same, two sources
are recognized as one. As can be seen from the clustering results, the attenuations of the sources are
nearly the same, which means that the sensors maintain a stable output. So, the use of delay is an
effective way to carry out the aliasing signals separation. In the hydraulic pump test rig, a smaller
diameter pipe is adopted, which gives more opportunities for the delays to change.
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The demixing results of the proposed method cannot be proved directly because the induced
voltages of each wear debris ca not be detected. Commonly, for a speec signal demixing result,
the best way to confirm the effectiveness is to listen to the sources. Obviously, for the debris signals,
we should use another method to verify the demixing a curacy.
For each particle, it is already known that each particle will induce a signal similar to the sine
wave. The demixing result of section a1, shown in Figure 9, and that of section a2, shown in Figure 15,
are apparently acceptable solutions as debris signals. However, we also know that from the aliasing
signals we may obtain different demixing results, such as those achieved for section a2, which means
the demixing result may have other solutions. To verify that the results reflect the real situation,
statistics about the particles sizes are calculated and the results are shown in Figure 16. From this
figure we ca see that without the separation, about 17.9% of all particles have sizes larger tha 150 µm.
Traditionally, the result without separ tion is believed to be the indic tor for the evaluation of wear
status. In fact, the ticles injected into the injection d vice ar particles ranging in size from 50 µm to
150 µm and that follow a uniform distribution, as listed in Table 1. After demixing, the separated result
shows that the sizes of the particles follow a uniform distribution and the result is more consistent
with the real situation than that without separation. We believe that the 17.9% wrongly estimated
particles are thus reevaluated reasonably and the accuracy is improved.
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5. Conclusions
Inductive debris detection sensors are designed to identify small wear particles. If the distance
between two particles is very small, two small particles may be recognized as one large particle,
which is known as the signal aliasing problem in debris detection. Large particles frequently appear
only when the machine is severely degraded, which is too late in practice for effective maintenance.
With aliasing, at the beginning of degradation, a group of small particles may be recognized as large
particles, leading to a wrong estimation of the machine degradation state and maybe even its stoppage
for maintenance. For an aviation pump system, the high speed oil flow makes it actually more prone
to the aliasing problem, which, then, needs to be addressed.
In this paper, the aliasing problem was analyzed and a serial setup of sensors was installed for
data acquisition. A band pass filter combined with DUET was employed to separate the sources from
the aliasing signals. To evaluate the performance of the method, a real experiment was conducted.
Using the signal pieces extracted from the real signals, the method was shown to be effective in
demixing the signals. The result shows that the count of the number of particles is more accurate
than the traditional pulse counting method. Statistically, 17.9% particles that are considered to be
larger ones are separated to be smaller, and the distribution is more consistent with the real situation.
However, two problems were found during the verification. One is that the weight peaks caused by
the noise may affect the accuracy of the classification, which prevents the aliasing signals from being
well separated. The other is that not all signals can be separated by the proposed method because
when the phase displacements of a group of particles are similar, the particles are recognized as one.
Future works will address, on one hand, the evaluation of the capability of the proposed method
compared with other possible methods on the aliasing problem, and, on the other hand, eliminating the
interferences coming from random noise and specific frequency interferences. In particular, a potential
layout of sensors may also be proposed to provide different phase displacements for the method.
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